The lack of evaluation standard for safety coefficient based on finite element method (FEM) limits the wide application of FEM in roller compacted concrete dam (RCCD). In this paper, the strength reserve factor (SRF) method is adopted to simulate gradual failure and possible unstable modes of RCCD system. The entropy theory and catastrophe theory are used to obtain the ultimate bearing resistance and failure criterion of the RCCD. The most dangerous sliding plane for RCCD failure is found using the Latin hypercube sampling (LHS) and auxiliary analysis of partial least squares regression (PLSR). Finally a method for determining the evaluation standard of RCCD safety coefficient based on FEM is put forward using least squares support vector machines (LSSVM) and particle swarm optimization (PSO). The proposed method is applied to safety coefficient analysis of the Longtan RCCD in China. The calculation shows that RCCD failure is closely related to RCCD interface strength, and the Longtan RCCD is safe in the design condition. Considering RCCD failure characteristic and combining the advantages of several excellent algorithms, the proposed method determines the evaluation standard for safety coefficient of RCCD based on FEM for the first time and can be popularized to any RCCD.
Introduction
Roller compacted concrete dams (RCCDs) are now constructed with great frequency in the world. Over the past two decades, many high RCCDs have been built, such as the 130 m high Baise dam and the 200.5 m high Guangzhao dam in China. Currently the highest dam of this type is Longtan Dam at 216 m in China, with Diamer-Bhasha Dam planned at 272 m in Pakistan [1] .
The RCCD is mainly composed of the body and interface. The interface plays an important role as the weak point of the stability of the RCCD. The stability and safety of a RCCD to guard against sliding along the dam interface are key factors that must be addressed in the design stage of the RCCD. Generally speaking, analysis methods for the RCCD stability should include the rigid-body limiting equilibrium method (LEM) and finite element method (FEM). LEM is normally adopted before considering FEM. Ministry of Water Resources [2] presents evaluation standards for the LEM.
Compared with the LEM, the FEM used in the calculation of antisliding analysis does not require any assumption of the sliding plane, but safety coefficient based on FEM does not have corresponding evaluation standard, which limits the usage of FEM in RCCD. In order to popularize FEM to RCCD more widely than ever, it is necessary to study the evaluation standard for RCCD safety coefficient based on FEM.
When the dam is in critical state, small perturbation will lead the dam away from the equilibrium state into the instability quickly. According to the dissipative structure theory, in the course of dam failure, some abnormal deformations appear certainly with the reduction of system entropy [3] . Thereby, in this paper, RCCD failure criterion is put forward combining the entropy theory and catastrophe theory.
RCCD failure is formed under a variety of combined factors. The sliding mechanism and failure mode are determined by the mechanical parameters (deformation and strength parameters) of RCCD interface. The sensitivity analysis of effect factors for the stability of RCCD interface can determine the major control plane of the RCCD, namely, the most dangerous sliding plane which has great significance for RCCD antisliding stability analysis. In this paper, sensitivity analysis for RCCD interface stability based on the RCCD failure criterion with a hybrid algorithm is proposed. Latin hypercube sampling (LHS) was introduced by McKay et al. [4] as a means of generating a distribution of plausible collections of parameter values from a multidimensional distribution and has been further developed for different purposes by several researchers [5, 6] . Partial least squares regression (PLSR) is a multivariate statistical data analysis method, which can establish effectively the model for the data involving multicollinearity or small sample size [7, 8] . In order to combine the advantages of LHS and PLSR, a hybrid algorithm which combines LHS with auxiliary analysis of PLSR is proposed for the sensitivity analysis. Through the sensitivity analysis of effect factors, the most dangerous sliding plane of RCCD failure is determined. On this basis, the evaluation standard for RCCD safety coefficient based on FEM is proposed with a hybrid optimization algorithm. Least squares support vector machines (LSSVM) are least squares versions of support vector machines (SVM), which are a set of related supervised learning methods that analyze data and recognize patterns and are used for classification and regression analysis [9] . Particle swarm optimization (PSO) is originally attributed to Kennedy and Eberhart who were illumed by the behavior of bird swarms in 1995 [10] . It has been demonstrated that PSO outperforms genetic algorithm in multivariable function optimization [11] . A hybrid optimization algorithm which combines LHS, LSSVM, and PSO is proposed for evaluation standard of RCCD safety coefficient based on FEM.
This paper reports the analyses of evaluation standard for safety coefficient of the Longtan RCCD based on FEM. The result shows that the Longtan RCCD is safe in the design condition.
RCCD Failure Criterion

RCC Yield Criterion.
The transversely isotropic and elastoplastic model is used for the constitutive relationship of RCCD material. The isotropic and elastoplastic model is used for the constitutive relationship of the rock material of the dam foundation. The most typical Drucker-Prager (D-P) criterion [12, 13] in geotechnical engineering is used for the yield criterion of the RCCD and rock of the dam foundation:
where 1 and 2 are the first invariant of stress tensor and the second invariant of deviatoric stress tensor, respectively. Both and are strength constants, which are related to cohesion and internal friction angle . Different yield criterions can be realized in finite element calculations through changing the expressions of and . In this paper, the D-P criterion of equivalent-area cones is used. 
Strength
With the gradual increasing of the reduction coefficient , the process of RCCD failure can be obtained, and the dam will reach a limit state.
Entropy Catastrophe Criterion of RCCD Failure.
The process of RCCD failure is the evolution process from the "disorder" to the "order. " Because of the correspondence between the system entropy and the system disorder degree, the safety state of RCCD can be easily judged by calculating the entropy value of RCCD in this process [3] .
The information entropy is a measure of the disorder associated with a random variable. The concept of information entropy was introduced by Shannon [15] , which is computed with the algorithm
where is the information entropy and is the probability of a discrete random variable. In the process of RCCD failure, the dam interface is main control plane. Therefore, the interface entropy is mainly researched here. The total displacement of the interfaces can be expressed as follows:
where is the displacement of the element (FEM element) and expresses the distribution of the interface displacement. Obviously, the physical variable has nonnegative characteristic, which is the same as the probability mass function. According to (3), the information entropy of the interface displacements is defined as follows:
With the reduction of the strength parameters by SRF method, the degree of order increases, and the entropy decreases. When the entropy decreases to certain value, the instable interface will be completely damaged.
Because the entropy changes with the reduction coefficient , it can be shown as follows:
where 0 , 1 , . . . , are undetermined coefficients and is the reduction coefficient . Using multiple regression analysis, the coefficients 0 , 1 , . . . , 5 can be obtained.
The derivation of (6) gets the following equation:
where is the potential function; when 0 = 1 , 1 = 2 2 , 2 = 3 3 , 3 = 4 4 , and 4 = 5 5 , can be expressed as
When = 3 /4 4 , = − , the cube is eliminated:
where 4 = 4 , 2 = 6 (9) can be written as follows: (10) is the standard potential function of regular cusp catastrophe. Equation (11) is the standard potential function of dual cusp catastrophe [16, 17] . When / = 0, (10) and (11) can be expressed, respectively, as follows:
When 2 / 2 = 0, (10) and (11) can be expressed, respectively, as follows:
Through (12) and (14) or (13) and (15), bifurcation set equation is shown as
The RCCD failure criterion is defined as follows.
If Δ = 4 3 + 27V 2 > 0, the RCCD is in the stable state.
If Δ = 4 3 + 27V 2 = 0, the RCCD is in the critical state between stability and failure.
If Δ = 4 3 + 27V 2 < 0, the RCCD is in the failure state.
Determination of the Most Dangerous Sliding Plane of RCCD Failure
In this paper, the LHS method is adopted to generate the combinations of various mechanical parameters, and the elastoplastic finite element analysis is carried out based on the entropy catastrophe criterion; in the end, the most dangerous sliding plane is obtained by the sensitivity analysis of the mechanical parameters using the auxiliary analysis of PLSR.
Latin Hypercube Sampling.
The LHS technique is a constrained sampling technique whereby the input parameter range is divided into equiprobable nonoverlapping intervals. Let denote the required number of realizations and the number of random variables. An × matrix , in which each of the columns is a random permutation of 1, . . . , , and an × matrix of independent random numbers from the uniform (0,1) distribution are established. These matrices form the basic sampling plan represented by the matrix as
Each element of , , is then mapped according to its target marginal distribution aŝ
where −1 represents the inverse of the target cumulative distribution function for variable . A vector̂= [̂1,̂2, . . . ,̂] now contains input data for one deterministic computation.
Partial Least Squares Regression and Auxiliary Analysis
Partial Least Squares Regression.
The basic steps of PLSR are given as follows [18] .
Step 1. 0 and 0 are standardized matrix of independent variable and dependent variable , respectively.
Step 2. The first principal component 1 is extracted from 0 :
Two regression equations are solved as follows:
where 1 and 1 are residual matrix, and regression coefficient can be obtained as follows:
Step 3. 0 and 0 are replaced by 1 and 1 , respectively, and the same method is used to calculate 2 and 2 .
It is not necessary to use all principal components to establish PLSR model, but a truncated way is adopted, which uses frontal principal components, 1 , 2 , . . . , , to establish good prediction model. can usually be obtained by cross validation (CV) [19] .
Auxiliary Analysis.
The principal component ℎ (ℎ = 1, 2, . . . , ) is obtained using the PLSR method. On the one hand, the ℎ as much as possible represents the information of the independent variable = { 1 , . . . , }; on the other hand, it explains the dependent variable to the greatest extent. In fact, the explanation ability of the ℎ is equivalent to the complex correlation coefficient 2 of linear regression equation on ℎ . The explanation abilities of the ℎ for the ( = 1, 2, . . . , ), , and are expressed, respectively, as follows:
The ability that the factor explains the variable is expressed by the variable projection importance index VIP ( = 1, 2, . . . , ):
where ℎ is the th component of the variable ℎ .
The Steps of Determining the Most Dangerous Sliding Plane of the RCCD.
The steps of determining the most dangerous sliding plane of the RCCD are shown as follows.
Step 1. The deformation and strength parameters of the RCCD are taken as the effect factors, and the ranges of the factors are determined.
Step 2. The combinations of the effect factors are established by the LHS.
Step 3. The elastoplastic finite element model is established, and the safety coefficients of the dam failure corresponding to the combinations in Step 2 are calculated using RCCD failure criterion.
Step 4. The sensitivities of mechanical parameters to the whole stability of the dam are determined using the auxiliary analysis of PLSR to analyze the combinations of the effect factors and corresponding safety coefficients of the dam failure. The interface of the most sensitive parameter is the most dangerous sliding plane.
Evaluation Standard Analysis of RCCD Safety Coefficient
Failure Process Analysis of RCCD Interface.
Compared with conventional concrete dam, RCCD has obvious rolled characteristic and relatively weak construction interface. A lot of studies show that at the time of the RCCD failure, an interface is yielded completely, and the sliding channel appears [20] . Figure 1 shows typical failure process of RCCD interface. -axis is strength reserve coefficient and -axis is the interface yield rate .
(1) Stability Stage (before Point A). When = 1.0, in addition to local small yield in the dam, the dam is basically in linear elastic state. With the increase of the , yield area has a little expansion. Only when the increases to certain value (corresponding point A), the yield area begins to expand. The point A is called quasielastic state.
(2) Yield Deformation Stage (between Point A and Point C).
With the increase of the from the point A, the yield area increases rapidly to certain scope (about 30%∼50%). Near the point B, the extension temporarily becomes slow until Point C. 
The Determination of the Evaluation Standard for RCCD Safety Coefficient.
In the process of the RCCD failure, the quasielastic state is an important critical point. Before this point, the dam is mainly in elastic state and it is stable as a whole. After this point, the yield area rapidly expands until the dam failure. Therefore, the evaluation standard for RCCD safety coefficient based on the SRF method is given as 
where is the quasielastic strength reserve coefficient in the design condition and is the minimum of the quasielastic strength reserve coefficient with the variation of various factors.
Before determining [ ], the must be determined firstly. The stability of RCCD is affected by many factors, which mainly include the strength parameters (internal friction coefficient and cohesion), deformation parameters (elastic modulus), water level, and seepage condition. Among them, the deteriorations of strength parameters and seepage condition and the high water level will make the quasielastic strength reserve coefficient of RCCD become smaller. The effect of the elastic modulus is uncertain to the quasielastic strength reserve coefficient. In this paper, the LHS, LSSVM, and PSO are introduced to solve jointly the [ ].
Regression Algorithm of Least Squares Support Vector
Machine. Least squares support vector machine (LSSVM) is a modified version of standard SVM, in which analytical solutions can be obtained solving linear equations instead of a quadratic programming (QP) problem. Given a training data set { , } =1 , the objective function of optimization problem is defined as [19, 21] min , ,
where is the vector of weights, is a regularization parameter, and is the random error.
The SVM inequality constraint is translated into equality constraint as follows:
where is a weight vector, is a bias term, and is a nonlinear function that map the input pattern into a higher-dimensional feature space.
The solution of LSSVM regression will be obtained by constructing Lagrangian function as follows:
where is Lagrangian multiplier. The conditions for optimality are given by
The solution of (28) is obtained as follows:
The Elimination of and will yield a linear system instead of a quadratic programming problem:
, and is × identity matrix. LSSVM function can be expressed as follows:
In order to avoid "dimension disaster" in highdimensional feature space, kernel ( , ) of input space is applied to the inner product of high-dimensional space, which solves cleverly the problem of high-dimensional calculation. Nonlinear function can be finally obtained as follows:
The kernel function has the following choices: polynomial function, radial basis function (RBF), and sigmoid function. In this paper, RBF is selected as follows:
where is a constant, which determines the scaling of the inputs in the RBF. Main parameters of LSSVM using RBF are regularization parameter and kernel function width . To a great extent, the two parameters determine learning and generalization ability of LSSVM. Grid search algorithm is usually applied to determine these two parameters. In order to overcome the computational complexity of this method, improved grid search algorithm is applied to determine the parameters in this paper. That is, firstly rough search is applied to determine the best combination using a big step size, and then more precise search is used around this combination by small step size. For each grid point, the mean square error (MSE) from -fold cross validation is determined, and minimum MSE is detected. In -fold cross validation, a single subsample is used as the testing data for the LSSVM model, and the remaining subsamples are used as training data. The cross validation process is run repeatedly, with each subsample used exactly once as the testing data.
Specific steps are shown as follows.
Step Step 2. Normalize training set and use the cross validation of 1-fold to obtain the the best combination of the parameters without affecting model accuracy.
Step 3. Enlarge the ranges of the parameters obtained in
Step 2 and use finer grid search to obtain the highest precision combination of parameters by step size 2 0.5 .
Compared to general grid search method, improved grid search method not only can reduce training volume, but also can improve forecast accuracy of the model.
Particle Swarm Optimization.
PSO is a heuristic global optimization algorithm and has been broadly applied in optimization problems. PSO is developed on a very simple theoretical framework and can be implemented easily with only primitive mathematical operators [22] . In PSO, a group of particles are composed by particles in dimension space, where the position of the particle is = ( 1 , 2 , . . . ,
) and the speed is = (V 1 , V 2 , . . . , V ). The speed and position of each particle are changed in accordance with the following equation:
where = 1, 2, . . . , , = 1, 2, . . . , , and is particle size.
is the dimension component of the pbest that is individual optimal location of the particle in the th iteration.
is the dimension component of the gbest that is optimal position of all particles in the th iteration. is the inertia weight coefficient. 1 and 2 are learning factors, which are commonly chosen to be 2 and will also be used in this study. 1 and 2 are random numbers in the range [0, 1].
The inertia weight is critical for the performance of PSO, which balances global and local exploitation abilities of the swarm. The most well-known algorithm for controlling inertia weight is linearly decreasing inertia weight method [23] . The strategy of linearly decreasing weight is most commonly used, and it can improve the performance of PSO to some extent, but there are still some problems. Therefore, some adaptive algorithms for tuning inertia weight were presented [24, 25] . In this work, we propose nonlinearly decreasing inertia weight method of tuning the value of for further performance improvement as follows:
where max and min are the maximum and minimum of , respectively, is the current iteration number, and max is the maximum iteration number.
Basic Steps. The basic steps of determining the [ ] are
shown as follows.
Step 1. The most dangerous sliding plane of the RCCD is determined.
Step 2. The elastoplastic model is established, and the quasielastic strength reserve coefficient in the design condition is obtained using the SRF method.
Step 3. According to the test result, the ranges of all factors are determined. On this basis, as for the factors which have an unambiguous effect on the dam stability, their values are the maximums or minimums. As for ambiguous factors, LHS is used to construct the combinations of various factors.
Step 4. The quasielastic strength reserve coefficients corresponding to the combinations constructed in Step 3 are calculated using the SRF method.
Step 5. The combinations of various factors and the corresponding quasielastic strength reserve coefficients in Step 4 are trained using LSSVM.
Step 6. The LSSVM model established in Step 5 is optimized using PSO, and the corresponding minimum of quasielastic strength reserve coefficient is obtained.
Step 7. According to (24) , the [ ] is obtained.
Example Analysis
Establishment of Finite Element
Model. The Longtan dam, the highest RCCD in the world currently, was built on the Hongshui River in China. Longtan RCCD was constructed in two phases. In the first phase, normal water level is 375 m, and the elevation of dam top is 382 m. In the second phase, normal water level is 400 m, and the elevation of dam top is 406.5 m. In this paper, 11 # dam section of right bank is selected in the first phase. The material partitions of Longtan 11 # dam section are shown in Figure 2 . According to the material partitions, RCC1, RCC2, RCC3, and foundation interfaces are looked at as main interfaces. The FEM grid of Longtan 11 # dam section is shown in Figure 3 .
Determination of the Most Dangerous Sliding Plane of the Dam Failure.
In this paper, RCC is regarded as transversely isotropic material. According to the material partitions shown in Figure 2 , there are eight groups of parameters that need to be analyzed. The horizontal and vertical elastic modulus of RCC1, RCC2, and RCC3 interfaces are and 2, 3) , respectively, the internal friction coefficient and cohesion of RCC1, RCC2, and RCC3 interfaces are and ( = 1, 2, 3), respectively, the horizontal and vertical elastic modulus of foundation interface are and V ( = 4), respectively, and the internal friction coefficient and cohesion of foundation interface are and ( = 4), respectively. According to the test result, the ranges of the mechanical parameters of the interfaces are shown in Tables 1 and 2 . The design values of main mechanical parameters are shown in Tables 3 and 4 , where and V ( = 5, 6, 7) are the horizontal and vertical elastic modulus of RCC1, RCC2, and RCC3 bodies, respectively, and ( = 5, 6, 7) are the internal friction coefficient and cohesion of RCC1, RCC2, and RCC3 bodies, respectively, 8 and 9 are the elastic modulus of the conventional concrete and dam foundation rock, respectively, and 8 and 8 are the internal friction coefficient and cohesion of the conventional concrete and dam foundation rock, respectively.
Using LHS to generate the combinations of the interface mechanical parameters and considering the horizontal elastic modulus bigger than the vertical, the sample results of the mechanical parameters are obtained in Table 3 . Other mechanical parameters adopt design values. Outer loads are mainly the weight load, water load, and uplift pressure. In this example, the upstream water level is the normal water level 375.00 m, and the downstream water level is 225.00 m. The strength reserve coefficients of the dam failure corresponding to the combinations of the mechanical parameters are obtained using the entropy catastrophe criterion. The final results are shown in Table 3 .
On this basis, using the auxiliary analysis of PLSR, the important indexes of the mechanical parameters are obtained, and the sensibilities of the mechanical parameters to the are shown in Figure 4 . In Figure 4 , the -axis is 8
Mathematical Problems in Engineering Table 3 : Sample and calculation results of mechanical parameters. Table 5 : Sample and calculation results of mechanical parameters. the mechanical parameter, and the -axis is the important index. The -axis factors 1-16 correspond to the mechanical parameters in Table 3 , respectively, where factors 1-8 are elastic modulus and factors 9-16 are strength parameters. Through Figure 4 , it can be seen that the strength parameters have larger impact on the than the elastic modulus. The 12th parameter, RCC2 interface cohesion, has the greatest impact on the , which indicates that the RCC2 interface is the most dangerous sliding plane of the dam failure.
Analysis of Evaluation Standard for RCCD Safety Coefficient.
Through the above analysis, it is shown that the RCC2 interface is the most dangerous sliding plane of the RCCD. The quasielastic strength reserve coefficient of the RCC2 interface = 1.76 is obtained using SRF method in the design condition.
According to the previous analysis, the deterioration of strength parameters and seepage condition and the high water level will make the quasielastic strength reserve coefficient become smaller. So the strength parameters are chosen to be the minimums, the seepage condition is without drainage in dam foundation, the uplift pressure reduction factor is 0.3, and the upstream water level is 1.07 times higher than the design value. According to the test result, the ranges of the elastic modulus of the RCC bodies, conventional concrete, and dam foundation rock are shown in Table 4 . Adopting the LHS and SRF method, the quasielastic strength reserve coefficients corresponding to the combinations of the above deformation parameters are calculated, and the final results are shown in Table 5 .
On this basis, the nonlinear relation between the deformation parameters and the quasielastic strength reverse coefficients is determined using the LSSVM. For the LSSVM, the ranges of parameters and are [ ] for and , respectively. The optimal solutions of the parameters and of the LSSVM using improved grid search algorithm are 2 53 and 2 39 , respectively. The stepwise regression (SWR) and LSSVM performances for training samples are shown in Table 6 and Figure 5 . Table 6 shows the mean squares error (MSE) from PLSR and LSSVM for the training samples. Training result of the algorithms can be clearly seen in Figure 5 . Table 6 and Figure 5 explain that the training performance of LSSVM is better than SWR.
PSO and Genetic Algorithm (GA) are applied to optimize the established LSSVM model. For the PSO, 1 and 2 all are chosen to be 2, and the inertia weight decreases nonlinearly from 0.9 to 0.4. For the GA, crossover probability and mutation probability are chosen to be 0.9 and 0.1, respectively. Each algorithm uses 20 particles (or populations) to search the global best fitness value with each run executed for 200 iterations. Figure 6 depicts the great success of optimization process using PSO compared with Genetic Algorithm (GA) for the quasielastic strength reserve coefficients . It confirms the superiority of PSO in terms of convergence speed without the premature convergence problem. The minimums of the quasielastic strength reserve coefficients = 1.22 are obtained using two algorithms.
According to (24) , the allowable value of the quasielastic strength reserve coefficients [ ] = 1.31 can be obtained. Due to = 1.76 > [ ] = 1.31, it can be considered that the dam safety coefficient based on SRF method meets the requirement and the dam is safe in the design condition.
Conclusions
Evaluation standard for RCCD safety coefficient based on FEM is a problem requiring urgent solution. In this paper, the D-P criterion, SRF method, information entropy, and catastrophe theory are applied to RCCD failure criterion. On this basis, the LHS and auxiliary analysis of PLSR are used to determine the most dangerous sliding plane of RCCD failure. Finally, LHS, LSSVM, and PSO are adopted to establish evaluation standard for RCCD safety coefficient based on SRF method. The proposed method combines the advantages of several excellent algorithms and can be popularized to any RCCD. The analysis of evaluation standard for Longtan RCCD safety coefficient based on SRF method is carried out. The calculation shows that the ultimate failure is controlled by the strength of RCC2 interface. In the design condition, the quasielastic strength reserve coefficient is 1.76 and the allowable value of the quasielastic strength reserve coefficient is 1.31. Due to 1.76 > 1.31, the Longtan RCCD is safe in the design condition.
